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Abstract: Previous empirical studies have found a weak nexus between the use of information and
communication technologies (ICT) for learning and students’ outcomes. However, this literature
has not considered the role that the countries’ stock of human capital can have in the successful use
of ICT for learning. In this paper, we test empirically the existence of complementarities between
human capital and technology adoption for learning. We carry out an empirical analysis with PISA
data from a large-scale sample of 363,412 students enrolled in 13,215 schools in 48 countries. We
estimate a hierarchical linear model (HLM) of three levels: students, schools, and countries. Our
results strongly support the evidence of a positive externality of the stock of human capital on ICT
use for learning. When we consider the moderator-effect of the stock of human capital, we find that
the negative outcome of ICT use on students’ outcomes in mathematics, reading and science turns
positive (greater and more positive the higher the stocks of human capital are). The greater the stock
of human capital an economy has, the more benefits it can get from investments in ICT for learning.
Keywords: ICT; technology; internet; computers; human capital; students; schools; teaching; aca-
demic achievement; educational outcomes; Programme for International Student Assessment (PISA)
1. Introduction
Information and communication technologies (ICT) have changed the world. Over the
last decades, peoples’ daily lives have undergone a profound transformation. It is difficult
to conceive of life without computers, cell phones, social networks, and permanent access
to information. Everything has become accessible and instantaneous.
Education has not been immune to this profound transformation. Computers, at
first, and access to knowledge through the Internet, later, were identified as revolutionary
educational tools. Computers and connectivity would make it possible, definitely, to
democratize and universalize education. The teaching and learning applications available
would allow quality to standardize. Following these premises, policy-makers in education
have been investing, over the last decades, huge amounts of resources in making schools
more technological and facilitating access to new technologies for students [1–4]. This
interest has grown even further since the start of the COVID-19 pandemic, as many
countries are accelerating the incorporation of ICT into education [5].
However, it is clear that digital transformation is coming at a cost. Digitization is
meaning an increase in human beings’ dependence on technological devices, and even
its advantages in terms of productivity and efficiency are being questioned, as there is a
discrepancy between measures of investment in information technology and measures of
output [6].
This critical vision has become very evident in the educational field, where the effec-
tiveness of new technologies in learning is increasingly questioned. The impact of ICT
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on educational achievements has become a controversial issue, and scientific evidence
has not clearly found that the use of ICT in the classroom has a positive effect on learn-
ing [2,7–10]. One major motive is that the empirical studies carried out have paid little
attention to the potential role of country characteristics in shaping the relationship between
the use of ICT and educational achievement [8]. Among these characteristics, the stock of
human capital, and specifically the interaction between it and the use of new technologies,
emerges as a factor of singular relevance. The economic literature has highlighted the im-
portant complementarities that surge between human capital accumulation and technology
adoption [11–16].
Following this line of thought, in the present article, we formulate the hypothesis that
the outcome of the subject-related ICT use at school on learning varies when we consider
differences in the countries’ stock of human capital. We conjecture that the countries with
greater stock of human capital can benefit more from the use of ICT in learning. In the
next subsections, we explain what the literature has found about the relationship between
ICT and learning success and why we think that this can be conditioned by the stock of
human capital.
1.1. ICT and Educational Outcomes
There are both positive and negative arguments about the effectiveness of ICT for
teaching and learning. On the one hand, ICT may ease individualized and flexible in-
struction, leading to improvements in students’ outcomes by attending to their needs
and potential [17]. The availability of vast ICT educational resources and information
on the Internet also amplifies the scope of teaching and learning beyond the educational
systems [18], which might enhance students’ outcomes. ICT also provides audiovisual
materials capable of stimulating motivation [19], creativity and innovation [20] in learning
and teaching processes, leading to improvements in academic outcomes. On the other
hand, when ICT is not well integrated into the curriculum, due to pedagogical barriers,
they might hinder students from learning [21]. ICT may also discourage students’ effort
and logical thinking if educational systems do not fit technology to their ICT-instructional
needs [22]. The ICT might further provide a lot of wrong or incomplete information, which
can be used in education, diminishing students’ learning [23]. The effectiveness of ICT
on educational systems will depend on the net effect of these likely positive and negative
contributions to academic outcomes.
Over the past two decades, a substantial amount of empirical research regarding
the effectiveness of access to and use of ICT on academic outcomes using large-scale
international surveys have been developed (for a literature review, see [9]). Studies based
on large-scale international surveys (e.g., PISA, TIMSS, and PIRLS) allow comparisons
between a broad range of settings and estimations of correlations among populations (e.g.,
schools, professors, and students) within countries and across them. Nevertheless, with
these studies using cross-sectional data, it is difficult to infer causal relationships [24].
Since this paper is based on a large-scale international survey (Programme for In-
ternational Student Assessment, PISA) and analyzes subject-related ICT use at school, in
the following paragraphs, we present the main results of research conducted from inter-
national assessments and that analyzed the effectiveness of access to and use of ICT at
school. Several studies have used international surveys (most commonly, PISA) to conduct
analyses in single countries. Based on Spanish students’ data from PISA 2012, Cabras
and Tena Horrillo [25] estimated the effect of computer use at school on mathematics
outcomes. They found that, with a high probability, computers use had a moderate positive
effect on mathematics outcomes, which was particularly high among low-socioeconomic-
background students. Also based on PISA 2012 data from Spain, Alderete et al. [26] found
a negative relationship between ICT use at school and reading, mathematics, and science
outcomes. In another study in Spain, Gómez-Fernández and Mediavilla [23] used PISA
2015 to estimate the relationship between access to and use of ICT at school and reading,
mathematics, and science outcomes. These authors found a positive relationship between
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the availability of computers and academic outcomes, whereas for the use of computers, it
was negative. Using data from the 2009, 2012, and 2015 PISA results for Spanish students,
Fernández-Gutiérrez et al. [2] estimated the effect of ICT use at school on the three PISA
subjects’ outcomes. Leveraging the availability of representative samples for Spanish
regions and the autonomy and variability of ICT use at school across them, they found
that increasing ICT use at school in an Autonomous Community did not have positive
effects on reading and mathematics outcomes, while in science, it had positive effects.
Based on PISA 2012 data for Turkish students, Erdogdu and Erdogdu [27] found a positive
relationship between internet access and science outcomes, whereas for the frequency of
internet browsing, it was negative for the three PISA subjects (reading, mathematics, and
science). Using TIMMS 2011 data for Dutch students, De Witte and Rogge [28] estimated
the effects of distinct ICT variables on mathematics outcomes. The authors found that
these effects varied based on whether or not different student, teacher, school, and regional
features were considered.
Other studies based on international assessments have conducted analyses for a set
of countries. Using samples of 38 countries from TIMSS 2011 data, 43 countries from
PIRLS 2011 data, and 39 countries from PISA 2012 data, Skryabin et al. [29] analyzed the
relationship between ICT use and subjects’ academic outcomes. They found a positive
relationship between ICT use and reading, mathematics, and science outcomes for 4th
grade students, while for 8th grade students, it was negative. Zhang and Liu [30] used a set
of 25 countries from PISA 2000, 32 from PISA 2003, 40 from PISA 2006, 45 from PISA 2009,
and 43 from PISA 2012 to estimate the relationship between various ICT use indicators and
mathematics and science outcomes. These authors found a negative relationship between
software and Internet use and both subjects’ outcomes. Using data for 39 countries from
PISA 2012, Petko et al. [31] estimated the relationship between ICT use and reading,
mathematics, and science outcomes. They found a negative relationship between ICT
use and academic outcomes in the vast majority of countries. Finally, based on a set
of 30 countries from TIMSS 2011, Falck et al. [7] estimated the effects of distinct school
computer uses on academic outcomes. The authors applied a within-student between-
subject identification, which leveraged the availability of information for each student
on two different subjects (mathematics and science). They found positive effects from
practicing skills and procedures on academic outcomes, while for processing and analyzing
data, they were non-significant.
1.2. The Role of Human Capital
By human capital, we understand the knowledge and skills embodied in people, as it
is seen as a form of capital incorporated into persons [32]. Nevertheless, for the purposes of
this study, the key aspect of human capital has to do with its externalities. Human capital
has been shown to be a key driver of economic growth and poverty alleviation, as it relates
to economies’ ability to maintain competitiveness, develop novel business ideas, and spur
innovation and technology diffusion [33–35]. Traditionally, formal education is considered
the main source of human capital. It has been widely used to measure its stock for three
reasons: (a) it has a strong correlation with the acquisition paths of other resources (e.g.,
health and experience), (b) it constitutes the basis for the formation of competences and
skills demanded in the labor market, and (c) data on enrollment rates is widely available
from decades ago and is comparable internationally.
There are solid arguments to expect that the relationship between ICT and educational
outcomes may differ depending on the countries’ human capital level. Specifically, due to
its strong positive externalities, we can point to three effects of the stock of human capital
on learning through ICT:
1. The assimilation and effective use of technology. We consider the stock of human
capital as a catalyst of new technologies: the process of adoption of new technologies
is strongly influenced by the human capital stock, by reducing new technologies’
learning costs and accelerating their adoption [15,36–38].
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2. The creation and improvement of a pedagogical and institutional environment more
conducive to learning. Human capital diminishes criminal activity [39], increases
civic participation [40], improves adaptive capacity to environmental change [41],
and spurs entrepreneurship and business outcomes.
3. The attraction of better teachers. Highly educated areas experience faster population
and employment growth as individuals flock to be near the highly educated [42].
Moreover, it is mostly educated individuals who are moving to high human capital
areas, seeking a better quality of life [43,44]. These effects have specifically been found
in the case of teachers: their well-being and productivity can increase by interacting
with and learning from high-skilled teachers [45,46].
The goal of the present study is to provide a theoretical and empirical underpinning
towards a better understanding of the role of the stock of human capital in the successful
use of ICT for education in the learning process. To do so, we estimate an education
production function that empirically establishes the relationship between the student’s
outcomes, in the form of tests’ scores in mathematics, reading, and science (output) and
a wide set of explaining variables (inputs), among them, the subject-related ICT use at
schools. In the function, we include the stock of human capital and its interaction with the
subject-related ICT use, to assess whether, and how, human capital has a moderator-effect
on the relationship between ICT use and students’ outcomes. This approach constitutes,
as far as we know, a novelty in the literature. We find that, although subject-related ICT
use at schools has a negative relationship with students’ outcomes, when we consider
the moderator-effect of the stock of human capital in the estimations, this relationship
turns positive. The relationship between subject-related ICT use at schools and students’
outcomes is greater (more positive) the higher the level of the stock of human capital
is. The higher the stock of human capital an economy has, the more benefits can be had
from investments in ICT for learning. Similarly, the higher the subject-related ICT use, the
greater (more positive) the result of the stock of human capital on students’ outcomes.
The remainder of the paper is organized as follows. In the next section, we explain
the data, variables, and methodology used in the paper. Section 3 describes the results.
Section 4 discusses the findings and concludes the paper.
2. Materials and Methods
The current study developed an empirical analysis aiming to answer the following
question: Whether, and how, the countries’ stock of human capital has a moderator-effect
on the relationship between subject-related ICT use at schools and students’ outcomes.
2.1. Data
The analysis used, as the main source, data coming from the 2018 edition of the PISA
questionnaire, released in 2020. This questionnaire has been carried out by the Organization
for Economic Co-operation and Development (OECD) every three years since 2000. Its
objective is to evaluate educational systems by measuring 15-year-olds’ ability to use their
reading, mathematics, and science knowledge and skills to meet real-life challenges [47].
In addition, the questionnaire contains information about the students’ background, their
schools, and learning environment. Specifically, there is a module called ICT familiarity
questionnaire devoted to asking about the students’ ICT access and use at school and home.
The key variable of the ICT module that we incorporated into our study was the
PISA index subject-related ICT use during lessons (PISA code ICTCLASS). The use of this
variable is a significant novelty compared to previous cross-country studies, as it allows
us to work with a measurement of subject-related ICT use at school. Previous studies
were mostly based on access to and general use of ICT, without distinguishing between
academic and leisure purposes. Theoretical arguments in favor of a positive effect of
academic use of ICT on educational attainment suggest that they can improve student
outcomes by: (a) increasing access to information and to a wider range of resources for
learning; (b) improving teaching materials and making lessons more complete, engaging,
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and interactive; (c) promoting individualized instruction and the better monitoring of
student progress; (d) increasing the flexibility and autonomy of students; and (e) reducing
educational costs [2–4,26,28,48]. PISA constructed this index measuring the use of ICT for
academic activities from five questions that asked about the time students spent using
digital devices during classroom lessons in a typical school week in the following subjects:
test language lessons, mathematics, science, foreign language, and social sciences. Each
question considered four possible responses: “No time”, “1–30 min a week”, “31–60 min a
week”, and “More than 60 min a week”. Applying the item response theory scaling to this
information, PISA computed the standardized single index ICTCLASS.
Since our paper analyzed the relationship between academic outcomes and subject-
related ICT use at schools, mediated by the stock of human capital from an international
perspective, we merged the PISA dataset with two measures of the stock of human capital
widely used in the literature: the stock of human capital indicator coming from Barro and
Lee (BL) dataset [49] and the one coming from the Penn World Table (PWT) [50].
For decades, schooling has been used as the main proxy for human capital, which
has mostly been measured in terms of the highest educational attainment distribution of
the population or the aggregated mean years of schooling [51]. Following the mainstream,
we incorporated in our study a measure of the average years of schooling constructed by
BL, based on the percentage of the population, aged 25-years-old and above, who have
completed primary, secondary, and tertiary education.
Over recent years, some researchers have made valuable efforts to build more elabo-
rated and accurate indicators of the stock of human capital [16]. Among these new attempts,
the index of human capital included in the PWT has received great attention from scholars
and policy makers. This index is constructed by making a Mincerian transformation of the
average years of schooling calculated by BL. It estimates the stock of human capital (hc) of
a country i at time t as a function of the average years of schooling (s):
hcit = eφ(sit), (1)
where φ(s) are the Mincerian rates of return to education defined by Psacharopoulos
(1994) [52].
Table 1 shows countries’ average values for the ICTCLASS index and for the BL and
PWT stock of human capital indicators. The average ICTCLASS index in our sample was
of −0.07 with a standard deviation of 0.34. It ranged from the one of Japan (−0.59) to the
one of Denmark (1.35). The BL indicator average was of 10.54 with a standard deviation of
1.95. It ranged from the one of Morocco (4.24) to the one of the United States (13.42). The
average value of the PWT indicator was of 3.23, and its standard deviation was 0.41. It
ranged from the one of Morocco (1.89) to the one of Singapore (3.97).
The 2018 edition of the PISA questionnaire surveyed 612,004 students from to 21,903 schools
distributed in 79 countries and economies. But only the students of 49 countries answered
the PISA ICT familiarity questionnaire. Considering that Georgia had to be excluded from
the sample of countries that had completed the ICT familiarity questionnaire, because
it had no available information about its stock of human capital, our final sample was
reduced to 363,412 students, enrolled in 13,215 schools in 48 countries (12 middle-income
and 36 high-income economies). Table 2 shows the classification and descriptive statistics
of the variables employed to analyze our final sample.
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Table 1. List of countries in the sample and their average values in the PISA index subject-related
ICT use during lessons (ICTCLASS), years of schooling (BL), and years of schooling (PWT).
Country Code Country Name ICTCLASS BL PWT
ALB Albania −0.23 9.85 2.95
AUS Australia 0.61 11.77 3.52
BEL Belgium −0.20 10.78 3.14
BRA Brazil −0.48 7.66 2.95
BRN Brunei −0.25 8.77 2.77
BGR Bulgaria −0.02 11.45 3.16
CHL Chile −0.09 9.71 3.11
CRI Costa Rica −0.28 7.84 2.66
HRV Croatia −0.31 11.42 3.52
CZE Czech Republic −0.28 13.16 3.67
DNK Denmark 1.35 11.53 3.56
DOM DominicanRepublic −0.35 7.46 2.72
EST Estonia 0.00 12.48 3.62
FIN Finland 0.08 10.21 3.47
FRA France −0.18 10.64 3.19
GBR Great Britain −0.11 12.32 3.76
GRC Greece −0.39 10.26 3.09
HKG Hong Kong −0.37 11.02 3.24
HUN Hungary −0.30 12.14 3.38
ISL Iceland 0.41 10.59 3.23
IRL Ireland −0.36 12.20 3.15
ISR Israel −0.06 12.76 3.81
ITA Italy −0.06 9.54 3.12
JPN Japan −0.59 11.52 3.57
KAZ Kazakhstan 0.32 11.42 3.14
KOR Korea 0.07 11.89 3.69
LVA Latvia −0.12 10.48 3.13
LTU Lithuania 0.03 11.05 3.26
LUX Luxemburg −0.31 11.22 3.51
MAC Macao −0.05 8.09 2.86
MLT Malta −0.07 10.33 3.13
MEX Mexico −0.29 8.33 2.74
MAR Morocco −0.27 4.24 1.89
NLD Netherlands −0.05 11.60 3.37
PAN Panama −0.40 9.15 2.86
POL Poland −0.20 11.42 3.40
RUS Russia 0.06 11.73 3.40
SRB Serbia −0.22 10.97 3.39
SGP Singapore −0.33 10.63 3.97
SVK Slovakia 0.00 13.07 3.79
SVN Slovenia −0.34 12.13 3.53
ESP Spain −0.05 10.30 2.94
SWE Sweden 0.77 11.89 3.42
CHE Switzerland −0.24 13.42 3.69
THA Thailand 0.13 7.30 2.74
TUR Turkey 0.22 6.56 2.44
USA United States 0.38 13.42 3.74
URY Uruguay −0.11 8.11 2.73
Source: made by the authors.
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Table 2. Variable classification and descriptive statistics.
Type of Variable Variable Mean SD Missing (%)
Dependent
variables
Reading score 465 104.0 9.9
Mathematics score 472 95.1 0.0
Science score 470 95.5 0.0
Student-level
predictors
Subject-related ICT use during lessons (CI) −0.05 1.0 15.9
Age 15.8 0.3 0.0




Country of birth 2.8




Proportion of all teachers fully certified (CI) 0.84 0.3 16.9
Teacher behavior hindering learning (CI) 0.17 1.1 4.5
Perceived teacher’s interest (CI) 0.08 1.0 4.9
Shortage of educational material (CI) 0.06 1.1 4.8
Shortage of educational staff (CI) −0.02 1.0 4.9
Adaptation of instruction (CI) 0.02 1.0 5.6
Disciplinary climate in test language lessons
(CI) 0.07 1.1 3.4
Which of the following definitions best
describes 5.4
the community in which your school is located?
A large city (with over 1,000,000 people) 14.3
A city (100,000 to about 1,000,000 people) 27.0
A town (15,000 to about 100,000 people) 30.3
A small town (3000 to about 15,000 people) 19.4
A village, hamlet or rural area (fewer than 3000
people) 9.0





Years of schooling (BL) 10.50 1.8 0.0
Years of schooling (PWT) 3.21 0.4 0.0
Gross domestic product per capita (GDP
per capita) 40,700 21,700 0.0
Notes: CI indicates a composite indicator built by the PISA project work group. In this case, Cronbach’s alpha was
used to check the internal consistency of each scale. In categorical variables, values reflect the percentage of cases in
each category. The variable Gross domestic product per capita (GDP per capita) is in current international $ corrected by
purchasing power parity and was obtained from: https://data.worldbank.org/indicator/NY.GDP.PCAP.PP.CD
(accessed on 9 May 2021). The exclusion of all the missing values in the final sample would have generated
a loss of 142,569 observations (39% of our final sample). This would have led to the statistical inference to be
biased [53–55]. We used data imputation to carry out the analyses, avoiding the reduction of the sample size and
mitigating the estimation bias [56]. The missing values were imputed with the R package Multivariate Imputation
by Chained Equations, which computes incomplete multivariate data by fully conditional specification (FCS).
Since PISA 2018 excluded Spain’s results from the reading assessment for technical issues, the reading score had
35,943 missing values that were not imputed. Source: made by the authors.
2.2. Model
We established a statistical relationship between the students’ outcomes in each PISA
subject (mathematics, reading, and science, which are the dependent variables) and the
learning factors (predictors). To increase the accuracy of students’ scores measurement,
PISA generated ten plausible values, for each student, in the three subjects. We used the
same methodology as previous studies that defined the dependent variable as the student’s
mean scores of the plausible values [57,58].
The dataset that we used presented a nested structure: students were grouped in
schools, and schools in countries. This type of clustered data violates the assumption of
independence of the observations. This is, observations within each group were probably
correlated, because the individuals belonging to the same groups shared common charac-
teristics. In the case of the schools, students enrolled in the same schools might have similar
social background; they might influence each other, or their school might deliver education
in a particular manner that make its students’ outcomes differ from the outcomes of those
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enrolled in other schools. In the case of countries, students of the same country might share
the same culture, values, and idiosyncratic educational issues.
Hierarchical linear models (HLM) are suitable to deal with data that presents this
nested structure. They consider this clustered structure by identifying random effects.
In our case, we included school- and country-specific random intercepts, which allowed
schools and countries to vary from the average PISA scores when the covariates were zero.
This let us to estimate robust standard errors. By doing so, we expected the correlation
between the residuals of the predicted students’ outcomes, for every school or country in
the sample, to be different from zero.
Specifically, the three-level model that we used can be expressed as:
Yijk = β0 + β1X1ijk + β2Zjk + β3 ICTCLASS1ijk + β4GDPk + β5Hk + β6 ICTCLASS1ijk·Hk + εijk (2)
β0 = γ00 + u0jk + v0k (3)
In Equation (2), Yijk was the expected PISA score for student i enrolled in school j in a
country k; Xijk and Zjk were, respectively, vectors of predictors at the student and school
levels; ICTCLASS1ijk measured the time devoted to subject-related ICT use for student
i in school j and country k; GDPk and Hk were, respectively, the GDP per capita and the
stock of human capital at the country- level; ICTCLASS1ijk·Hk was the term that reflected
the interaction between the stock of human capital and subject-related ICT use at schools;
finally, εijk was the unexplained component of the model.
Xijk and Zjk included a set of students’, teachers’ and schools’ characteristics that are
considered standard in the literature to predict students’ outcomes. Specifically, gender
(PISA code ST004D01T), age (PISA code AGE), country of birth (PISA code ST019AQ01T), a
composite index of economic, social and cultural status of the household (PISA code ESCS), an
index showing the proportion of all teachers fully certified (PISA code PROATCE), an index of
teacher behavior hindering learning (PISA code TEACHBEHA), an index of perceived teacher’s
interest (PISA code TEACHINT), an index of shortage of educational material (PISA code
EDUSHORT), an index of shortage of educational staff (PISA code STAFFSHORT), an index
of adaptation of instruction to improve learning (PISA code ADAPTIVITY), an index of
disciplinary climate in test language lessons (PISA code DISCLIMA), the size of the community
in which the school was located (PISA code SC001Q01TA), and if the school was public or
private (PISA code SC013Q01TA).
For an in-depth justification of the inclusion of these predictors that act as control
variables and the role that they play in the learning process, see Bradley and Green [59],
Hanushek and Welch [60], and Hanushek et al. [9,24,61]. We expected to find gender
differences, as girls used to score higher in reading but lower in mathematics and science.
Students who were older, did not have immigrant background, lived in households with
higher economic, social and cultural status, lived in richer countries, and attended private
schools or schools that were situated in larger communities were expected to have better
outcomes. The index showing the proportion of all teachers fully certified, the index of
perceived teacher’s interest, the index of adaptation of instruction, and the index of disciplinary
climate in test language lessons were expected to correlate positively with students’ outcomes.
Conversely, the index of teacher behavior hindering learning, the index of shortage of educational
material, and the index of shortage of educational staff were expected to correlate negatively.
Equation (3) was estimated simultaneously with Equation (2) and allowed us to model
the school- and country-specific intercepts. The associated complex error structure u0jk
and v0k were the respective deviation of the schools’ and the countries’ means from the
overall mean γ00. They were assumed to be normally distributed, with mean zero, and
uncorrelated with εijk.
Our hypothesis was that students who lived in environments with higher stocks of
human capital could benefit directly and indirectly (via the use of ICT) by obtaining better
outcomes. To obtain clearer and more intuitive evidence of the interaction between subject-
related ICT use during lessons and human capital, we conducted estimations centered
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at the country mean of the stock of human capital indicators [62]. This facilitated the
interpretation of the results.
3. Results
Tables 3 and 4 show the results of the estimations of Equations (2) and (3) for math-
ematics, reading, and science; and both the BL (Table 3) and PWT (Table 4) indicators
of the stock of human capital. The tables include two parts: one general, common to all
contexts (which is the so-called fixed-effects), and another that represents the context of
each group (random-effects), which in our case are schools and countries. The latter, at
the bottom of the table, shows the standard deviations from the overall mean, with origin
in the school-and-country-level variance unaccounted for in the model and the residual
variance component.
Table 3. HLM estimations predicting students’ outcomes and considering years of schooling (BL) as an indicator of the
countries’ stock of human capital.
Reading Mathematics Science
Type of
Variable Variable Estimate SE Estimate SE Estimate SE
Fixed
effects
Intercept 303.10 *** 11.48 271.80 *** 11.05 298.20 *** 10.95
Gender—Female (base)
Male −21.00 *** 0.27 10.02 *** 0.22 2.93 *** 0.24
Age 9.58 *** 0.46 10.46 *** 0.38 9.14 *** 0.40
Country of birth—Country of the
test (base)
Other country −13.55 *** 0.56 −10.19 *** 0.45 −12.21 *** 0.48
Economic, social, and cultural status 13.75 *** 0.15 14.85 *** 0.13 14.60 *** 0.13
Proportion of all teachers fully
certified 2.58 ** 1.19 0.93 1.01 1.75 * 1.04
Teacher behavior hindering learning −0.11 0.34 −0.23 0.29 −0.17 0.30
Perceived teacher’s interest 2.73 *** 0.15 1.81 *** 0.13 2.27 *** 0.13
Shortage of educational material −3.38 *** 0.43 −3.04 *** 0.37 −2.98 *** 0.37
Shortage of educational staff −2.27 *** 0.42 −1.90 *** 0.36 −2.05 *** 0.37
Adaptation of instruction 4.35 *** 0.15 3.08 *** 0.12 3.48 *** 0.13
Disciplinary climate in test
language lessons 6.43 *** 0.14 5.85 *** 0.11 5.77 *** 0.12
School location—A large city (with
over 1,000,000 people) (base)
A city (100,000 to about
1,000,000 people) −3.38 *** 1.24 −2.57 ** 1.07 −2.58 ** 1.10
A town (15,000 to about
100,000 people) −8.45 *** 1.23 −6.95 *** 1.06 −6.58 *** 1.09
A small town (3000 to about
15,000 people) −13.46 *** 1.35 −10.02 *** 1.16 −9.97 *** 1.20
A village, hamlet or rural area (fewer
than 3000 people) −21.04 *** 1.48 −14.69 *** 1.28 −15.09 *** 1.32
Public or a private school?—Private
school (base)
Public school −4.25 *** 0.78 −4.03 *** 0.66 −3.98 *** 0.69
Gross domestic product per capita
(GDP per capita) 0.75 *** 0.18 0.92 *** 0.19 0.80 *** 0.18
Subject-related ICT use during
lessons (ICTCLASS) −3.62 *** 0.14 −1.82 *** 0.12 −2.28 *** 0.12
Years of schooling (BL) 8.87 *** 2.29 9.53 *** 2.40 7.62 *** 2.31
Interaction between ICTCLASS and
years of schooling (BL) 1.28 *** 0.07 1.02 *** 0.06 1.15 *** 0.06
Random
effects
Level 2: Intercept 2275.00 47.70 1903.90 43.63 1901.70 43.61
Level 3: Intercept 848.20 29.12 943.50 30.72 870.40 29.50
Level 1: Residual 5204.60 72.14 3983.60 63.12 4430.30 66.56
Sample size
Total sample (students) 327,469 363,412 363,412
Level 2 groups (schools) 12,126 13,215 13,215
Level 3 groups (countries) 47 48 48
Note: *** p < 0.01, ** p < 0.05, * p < 0.1. Source: made by the authors.
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Table 4. HLM estimations predicting students’ outcomes and considering years of schooling (PWT) as indicator of the
countries’ stock of human capital.
Reading Mathematics Science
Type of
Variable Variable Estimate SE Estimate SE Estimate SE
Fixed
effects
Intercept 305.80 *** 11.32 274.00 *** 11.09 300.80 *** 10.85
Gender—Female (base)
Male −21.00 *** 0.27 10.00 *** 0.22 2.92 *** 0.24
Age 9.57 *** 0.46 10.45 *** 0.38 9.14 *** 0.40
Country of birth—Country of
the test (base)
Other country −13.56 *** 0.56 −10.20 *** 0.45 −12.23 *** 0.48
Economic, social, and cultural
status 13.76 *** 0.15 14.86 *** 0.13 14.61 *** 0.13
Proportion of all teachers fully
certified 2.62 ** 1.19 0.95 1.01 1.78 * 1.04
Teacher behavior hindering
learning −0.11 0.34 −0.23 0.29 −0.17 0.30
Perceived teacher’s interest 2.73 *** 0.15 1.82 *** 0.13 2.27 *** 0.13
Shortage of educational
material −3.39 *** 0.43 −3.04 *** 0.37 −2.98 *** 0.37
Shortage of educational staff −2.26 *** 0.42 −1.90 *** 0.36 −2.04 *** 0.37
Adaptation of instruction 4.34 *** 0.15 3.08 *** 0.12 3.48 *** 0.13
Disciplinary climate in test
language lessons 6.43 *** 0.14 5.85 *** 0.11 5.77 *** 0.12
School location—A large city
(with over 1,000,000 people)
(base)
A city (100,000 to about
1,000,000 people) −3.34 *** 1.24 −2.54 *** 1.07 −2.55 ** 1.10
A town (15,000 to about
100,000 people) −8.40 *** 1.23 −6.92 *** 1.06 −6.54 *** 1.09
A small town (3000 to about
15,000 people) −13.41 *** 1.35 −9.99 *** 1.16 −9.94 *** 1.20
A village, hamlet or rural area
(fewer than 3000 people) −20.98 *** 1.48 −14.65 *** 1.28 −15.05 *** 1.32
Public or a private
school?—Private school (base)
Public school −4.28 *** 0.77 −4.05 *** 0.66 −4.01 *** 0.69
Gross domestic product per
capita (GDP per capita) 0.66 *** 0.18 0.85 *** 0.19 0.72 *** 0.18
Subject-related ICT use during
lessons (ICTCLASS) −3.77 *** 0.14 −1.82 *** 0.12 −2.27 *** 0.12
Years of schooling (PWT) 48.40 *** 10.88 47.72 *** 11.70 41.73 *** 11.02
Interaction between ICTCLASS
and years of schooling (PWT) 6.94 *** 0.34 4.44 *** 0.29 5.54 *** 0.31
Random
effects
Level 2: Intercept 2271.40 47.66 1899.70 43.59 1902.80 43.62
Level 3: Intercept 786.70 28.05 820.60 28.65 926.50 30.44
Level 1: Residual 5203.50 72.13 4430.30 66.56 3984.10 63.12
Sample
size
Total sample (students) 327,469 363,412 363,412
Level 2 groups (schools) 12,126 13,215 13,215
Level 3 groups (countries) 47 48 48
Note: *** p < 0.01, ** p < 0.05, * p < 0.1. Source: made by the authors.
The results that we found were robust regardless of the stock of human capital indi-
cator considered and subject analyzed. First, male students scored higher in mathematics
and science but lower in reading (p < 0.01). Second, age was positively correlated with
students’ outcomes (p < 0.01). Third, students who had an immigrant background had
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lower outcomes (p < 0.01). Fourth, economic, social, and cultural status was positively related
with outcomes (p < 0.01). Fifth, the proportion of all teachers fully certified was correlated
positively for reading (p < 0.05) and science (p < 0.10), while for mathematics the coefficient
was not significant (p > 0.1). Sixth, the index of teacher behavior hindering learning correlated
negatively and with a not-significant result (p > 0.1). Seventh, the index of perceived teacher’s
interest correlated positively (p < 0.01). Eight, the index of shortage of educational material
correlated negatively (p < 0.01). Ninth, the index of shortage of educational staff correlated
negatively (p < 0.01). Tenth, the index of adaptation of instruction correlated positively
(p < 0.01). Eleventh, the index of disciplinary climate in test language lessons correlated posi-
tively (p < 0.01). Twelfth, students that attended schools situated in smaller communities
scored lower (p < 0.01 and p < 0.05). Thirteenth, students attending public schools scored
lower (p < 0.01). Fourteenth, GDP per capita correlated positively with students’ outcomes
(p < 0.01).
As regards our central variables of study, the estimated coefficients and standard
errors showed that the time devoted to subject-related ICT use in schools was associated
negatively with students’ outcomes (p < 0.01). The stock of human capital, both measured
by the BL and PWT indicators, was correlated positively (p < 0.01). Additionally, finally, the
interaction between the time devoted to subject-related ICT use in schools and the stock of
human capital was correlated positively (p < 0.01). A positive value for the coefficient of the
interaction term between the stock of human capital and subject-related ICT use implies that
the higher the stock of human capital, the greater (more positive) the relationship between
the subject-related ICT use and students’ outcomes. Similarly, the higher the subject-related
ICT use, the greater (more positive) the relationship between the stock of human capital and
students’ outcomes. For any given level of the stock of human capital for the countries
included in our sample, the relationship between subject-related ICT use and students’
outcomes turned positive once moderated by its stock of human capital.
All in all, the estimations showed that there was a negative correlation between
subject-related ICT use in schools and students’ outcomes. However, when we considered
the moderator-effect of the stock of human capital, we found that the effect of ICT use on
students’ outcomes was greater the higher the stock of human capital was. The higher the
stock of human capital an economy had, the more benefits could be had from investments
in ICT for learning. These results were robust for both definitions of human capital: average
years of schooling (BL) and average years of schooling weighted by the Mincerian rates of
return to education (PWT).
4. Discussion
Previous empirical studies have found a weak nexus between the use of ICT for
learning and students’ outcomes. However, this literature has not taken into account the
role that the countries’ stock of human capital can have in the successful use of ICT for
learning. In the empirical application that we have carried out, with data from a large-scale
sample of 363,412 students enrolled in 13,215 schools in 48 countries, the results that we
obtained strongly supported the evidence of a positive effect of the stock of human capital
on ICT use for learning. When we considered the moderator-effect of the stock of human
capital, we found that the relationship between ICT use and students’ outcomes was greater
the higher the stock of human capital of the countries was.
When we focused only on the variable ICT use at school, we found a negative rela-
tionship between students’ outcomes and ICT use at school, in line with previous empiri-
cal research based on large-scale assessment data and a broad set of countries [7,29–31].
Petko et al. [31] stated that the relationship between students’ outcomes and ICT might
be influence more by students’ positive experience in terms of quality using ICT than the
quantity of its use. Zhang and Liu [30] suggested that this negative relationship could be
explained by the overall unproductive use of ICT students, due to the mismatch between
students’ learning necessities and ICT pedagogical resources used in educational processes.
Skryabin et al. [29] argued that this negative relationship might be influenced by specific
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uses of ICT and the narrow participation ICT programs have had in the curriculum. The
study conducted for Falck et al. [7] was the only cross-country analysis that found a null
effect of ICT use at school on students’ outcomes. The authors stated that this null effect
was explained by the opposite effects (positive or negative) depending on the ICT activity
carried out. Other studies were based on single-country subsamples from large-scale
assessments. They showed, overall, a negative link between students’ outcomes and ICT
use at school [2,23,25–28].
Nevertheless, we looked in a different direction to understand the relationship be-
tween ICT use at school and students’ outcomes, hypothesizing that the countries’ stock of
human capital might be a positive externality in the relationship between students’ out-
comes and ICT use. We confirmed our hypothesis, according to previous arguments,
that supported the role of the stock of human capital as a catalyst of new technolo-
gies [15,16,36–38], which have the capacity to create and improve pedagogical and in-
stitutional educational environments [39–42] and to engage better teachers [45,46]. Regard-
less of the subject assessed and the human capital indicator considered, average years of
schooling (BL) or average years of schooling weighted by the Mincerian rates of return to
education (PWT), the moderator-effect of the stock of human capital turned the negative
relationship between students’ outcomes and ICT use at school into a positive one.
A key limitation of this study is that we have used a concept of human capital that
considers only its educational dimension. The indicator of average years of schooling is
the most commonly used in empirical studies; nevertheless, it does not account for other
dimensions of the concept of human capital different from formal education, like health,
experience, or on-the-job training [34]. It is also important to highlight that the measures
of human capital we have incorporated in the analysis do not account for the quality of
education, specifically measured by the results of international cognitive tests. We point
out that, in the present study, it was not possible to account for these measures, as this was
indeed the independent variable we explained in the model. Nevertheless, since one of
the indicators we have used is the PWT stock of human capital and this is weighted by the
rates of return to education, this measure can be considered to be accounting indirectly for
the quality of education.
A future line of analysis may be based on the use of other indicators that offer new per-
spectives in the measurement of human capital. Coming research could consider employing
multidimensional indicators that take into account different dimensions of the concept
of human capital, beyond formal education. In this sense, as suggested by Gimenez [32],
principal component analysis constitutes a good mathematical instrument to build mul-
tidimensional indicators with an international perspective. Another possible extension
would consist in the use of human capital measurements based on the skills that individ-
uals possess. Surveys such as the Programme for the International Assessment of Adult
Competencies (PIAAC), carried out by the OECD, have pointed out the big differences that
exist in labor force skills among developed countries. Therefore, the incorporation of data
coming from PIAAC results a promising idea to extend the present analysis.
From a policy-making perspective, our results warn scholars and policy-makers
about the role of the stock of human capital as a mediator to leverage the use of ICT for
learning purposes. Along with the investment in ICT resources, a comprehensive policy
to enhance countries’ human capital should be boost, in order to take more advantage of
technological change. This is particularly important for developing countries, in which
the rate of ICT investment is higher [29], but their stock of human capital is lower than in
their developed counterparts. In this sense, a practical implication of our research would
consist of reinforcing the binomial between investment in ICT and human capital. As
we have pointed out, they have substantial complementarities. We identify two clear
examples of practical recommendations to leverage these complementarities. The first
one would be the case of teacher training. The use of ICT in the classroom by teachers
depends, to a large extent, on their training in instructional ICT skills. In this regard,
OECD ([63], p. 15) points out that its participation in professional development activities
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on ICT skills for teaching is crucial. What motivates the use of ICT by teachers is how
well-prepared they feel after having received ICT-instructional training. For example, in
the case of middle-income countries participating in PISA, it should be noted that up to 60%
of Latin American teachers state that they need more professional development activities
on ICT skills for teaching and, for 22%, this need is substantial [63]. The second practical
recommendation to reinforce the binomial between investment in ICT and human capital is
to improve the digital literacy of workers. ICT capital stock per worker has been regarded
a mechanism to take more advantage of technological change, which in turn is reflected
in higher productivity [13]. ICT capital stock is highly correlated with abstract tasks,
which tend to be associated with higher wages [64]. According to Bechichi et al. [65], who
conducted research considering the OECD countries, there are significant gaps between the
needs of skills and training among countries (overall, less developed countries required
higher levels of training). The authors explained that these gaps condition the occupational
transitions to more technological-based activities (abstract tasks) in order to avoid the risk
of automation (the occupations at high risk of automation in these countries ranged from
1% to 6%, depending on the country analyzed). The OECD Skills Strategy 2019 pointed
out that life-long learning and making better use of digital technology as a learning device
are two strategic imperatives to enhance education and training systems ([66], p. 25). Our
findings also suggest that, at a time when a critical view of the role of ICT in education
is beginning to prevail, policy-makers should bear in mind that the effect of ICT could
be mediated by intermediate variables that offer a new perspective in the calculation of a
more accurate contribution of ICT to learning.
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